We use regular vine (r-vine), canonical vine (c-vine) and drawable vine (d-vine) copulas to examine the dependence risk characteristics of three 20-stock portfolios from the retail, manufacturing and gold-mining equity sectors of the Australian market in periods before, during and after the 2008-2009 global financial crisis (GFC). Our results indicate that the retail portfolio is less risky than the manufacturing counterpart in the crisis period, while the gold-mining portfolio is less risky than both the retail and manufacturing sector portfolios. Both the retail and gold stocks display a higher propensity to yield positively skewed returns in the crisis periods, contrary to the manufacturing stocks. The r-vine is found to best capture the multivariate dependence structure of the stocks in the retail and gold-mining portfolios, while the d-vine does it for the manufacturing stock portfolio. These findings could be used to develop dependence risk and investment risk-adjusted strategies for investment, rebalancing and hedging which more adequately account for the downside risk in various market conditions.
Introduction
The important retail and manufacturing sectors of the Australian economy can be identified for having a strong relationship of dependence with the performance of the Australian grand resources sector, which includes the important gold mining sector that tends to perform well in risky market conditions, characterized by low confidence in the financial stock markets. Underlying the sectors' relationship of interdependence with the retail and manufacturing sectors, which impacts the levels of demand, spending and investment in those sectors, lies the resource-based nature of the Australian economy and the positively skewed price and return behavior of the gold market, particularly during crisis periods (Mehmedovic et al., 2011; Savills Research, 2014; Australian Retailers Association, 2014; Delloite, 2013; KordaMentha, 2013; DIISR, 2010; NAB, 2012; Green and Roos, 2012; CWT, 2012) . 1 In this context of dependence relationships, an accurate estimation and interpretation of the dependence structure and dependence risk of the stocks' of the retail, manufacturing and gold-mining sectors are of particular interest to both policymakers and investors, given these major sectors' economic linkages and dependence relationships.
2 Their dependence structure may be complex, change over time and exhibit nonlinear patterns of asymmetric behavior, thus requiring the implementation of sophisticated models that could adequately decipher the dependence dynamics at various locations of pairs of variables' joint distributions. Some of the most promising models that can be used to address the dependence structure and risk dynamics of asset portfolios are the pair vine copula models, which have been found to outperform alternative modeling techniques employed in dependence estimation (Low et al., 2013; Dismman et al., 2013; Heinen and Valdesogo, 2009 ).
In tune with this wave of financial risk modeling, this study employs the r-vine, c-vine and d-vine (regular, canonical and drawable, respectively) copula models to estimate and examine the dependence structure and dependence risk characteristics of three 20-stock portfolios from the Australian retail, manufacturing and gold-mining sectors in the context of the 1 The acronyms DIISR, NAB and CWT stand for the "Department of Innovation, Industry, Science and Research", the "National Australian Bank" and the "Common Wealth Treasury", respectively.
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The concept of dependence risk refers to the risk stemming from a specific type of dependence relationship which two variables have in times of financial turbulence and in well-behaved financial stock markets (Hernandez, 2015) . The dependence risk that two stock return series have in the center of a joint distribution is reflected as mild swings in the return distribution, as opposed to the dependence risk in the tails which is characterized by large swings in the return distribution. Besides, the dependence risk of two variables could be linear, nonlinear, symmetric or asymmetric.
GFC. 3 While the retail and manufacturing portfolios are the base of the current study, the gold-mining portfolio is included for benchmarking purposes, and due to its economic linkages and spillover effects on the retail and manufacturing sectors, particularly during crises.
Specifically, our study seeks to identify the risk profiles of the three sector portfolios and their stock market conditions under which one portfolio is riskier than another. We also examine the changes in these portfolios' conditional dependence structure across three financial period scenarios revolving around the GFC, and also identify the vine copula models that most adequately capture the multivariate dependence risk dynamics of each portfolio. For this purpose, we thoroughly analyze the size and location of the dependence concentration and its symmetric and asymmetric features for pairs of stocks' joint distributions. Moreover, a "copula counting technique" is employed to tackle the complex interpretation of the portfolios' dependence structure and their changes over different market conditions. This technique is a simple and systematic procedure to dissect, organize, analyze and interpret dependence structures in high dimensions. This specific type of methodology for multivariate dependence structure analysis draws on the dependence structure analysis approach first introduced by Arreola-Hernandez (2014) . It could also be seen as an extension since it adopts a more structured and systematic approach to analyzing the multivariate dependence structure matrices.
We also stress primarily the methodological aspect of the proposed approach and undertake hypothesis testing to validate or invalidate the correctness and veracity of the copula counting technique, something not conducted in Arreola- Hernandez (2014) .
The vine copula models implemented in this study are based on the theory and model developments proposed by Joe (1997) , Cooke (1997) , Cooke (2001, 2002) and Aas et al. (2009 ). While Joe (1997 discusses the construction of multivariate copulas that can be fitted to various types of dependence structures, Cooke (2001, 2002) introduce the concept of vine copulas and develop a framework for the construction of multivariate probability distributions based on pair copulas. Aas et al. (2009) propose analytical models for the decomposition of multivariate densities and inference of the c-vine and d-vine copulas.
In terms of the empirical applications and asymmetric dependence modeling, our research is broadly linked to Chollete et al. (2009) 's asymmetric dependence c-vine modeling of a portfolio consisting of stocks from the G5 and some South American countries. Heinen and Val-desogo (2009) analyze the asymmetric dependence of 95 stocks from the S&P 500 index by employing a c-vine copula model. Dissmann (2010) uses r-vines to investigate the asymmetric dependence structure of a 16-asset portfolio consisting of equities, fixed income securities and commodity indices. Brechmann and Czado (2012) address the asymmetries and nonlinearities in the dependence structure of macroeconomic indicators by implementing a pairwise vine copula approach. More recently, Low et al. (2013) apply the Clayton c-vine copula model to asset return data. Our research is closely related to the work of Nikoloulopoulos et al. (2012) , who use vine copulas to study the tail dependence of European indices. Moreover, Arreola-Hernandez (2014) recently adopts a similar framework to model the dependence structure of energy stock portfolios based on the Australian market.
The research conducted in this study, as compared to that in the above-mentioned studies, is more complete in that it thoroughly and comprehensively examines the size, location, and symmetric and asymmetric features of the dependence structure and dependence risk dynamics of three stock portfolios in the context of financial scenarios surrounding the GFC period. The financial crisis context sets the market conditions to identify dependence changes in the structure across the three financial period scenarios: the pre-GFC, GFC and post-GFC.
Our results indicate that the retail sector stock portfolio, which consists of many defensive stocks, is less dependence risky than the manufacturing portfolio in the GFC period.
On the other hand, the gold-mining stock portfolio is less dependence risky than both the retail and manufacturing portfolios in similar market conditions. The lower riskiness of the retail sector portfolio relative to that of the manufacturing is due to the defensive nature of the retail stocks which include non-discretionary stocks such as those of heath care, and also since this sector has bearing to its more diversified economic linkages with most sectors of the economy, particularly its connection to the strong performance of the gold-mining sector during the crisis period. As defensive stocks, the retail stocks are recognized for having a higher propensity to yield positively skewed returns in crisis periods, a feature shared with the gold stocks but is absent in the manufacturing stocks. The r-vine and d-vine copulas are found to best capture the multivariate dependence structure of the retail, gold mining and manufacturing portfolios, respectively. Hence, our main contributions to the relevant literature come from the empirical results achieved through the implementation of the proposed "copula counting technique".
The employed vine copula models along with the proposed copula counting technique are useful in terms of theory development and practical financial applications. Specifically, portfolio and risk managers and those who follow the trends of the Australian retail, manufacturing and gold-mining sectors may find our empirical results useful for trading and hedging purposes and for complying with capital adequacy requirements. For those end users, it is of interest to discern in more details the inherent dependence risk characteristics of these sectors, particularly in times of financial turbulence, when extreme downside events tend to occur.
Those downside regimes and events are generally characterized by greater dependence across investment assets, particularly on the downside more than on the upside, and thus could severely influence the performance of the sector stock portfolios.
The remainder of this article is organized as follows. Section 2 introduces the pair vine copula models. Section 3 presents the data. Section 4 explains the bivariate copula counting technique. Section 5 deals with the empirical estimations. Section 6 concludes.
The pair vine copula models
The c-vine, d-vine and r-vine copula models are graph-based tree structures that make possible the design of high dimensional multivariate dependence structures. These bivariate copula-based models have become increasingly popular in the empirical domain for the analysis of multivariate real-world datasets since they allow for the estimation of random vector distributions through the assessment of copulas and marginals separately. The flexibility of these models enables one to overcome the limitations of traditional measures of dependence (e.g., bivariate copulas) and correlation (e.g., Pearson correlation), and leads to more accurate estimation of the dependence structure (Bekiros et al., 2015; Arreola-Hernandez, 2014; Aloui et al., 2011). 4 The graphical characteristic of the pair vine copulas also enables a localized and specific-specialized modeling of marginal and joint distributional features such as kurtosis, skewness, symmetric and asymmetric dependence, through the use of bivariate copulas serving as the building blocks (Czado, 2010; Brechmann and Schepsmeier, 2011; Czado et al., 2012) . The existing large set of bivariate copula families, as the building blocks of the pair vine copulas, enables one to capture various joint distributional characteristics and depend-ence relationships between pairs of variables without altering the original marginal distributions (Low et al., 2013; Patton, 2012; Min and Czado, 2010) . Both bivariate copula and pair vine copula developments have been built on the theory and mathematics proposed in the theorem of Sklar (1959) . 
Canonical, drawable and regular vines
The c-vines are a subset of the r-vines that can be recognized for their star-like shape.
The c-vine structure is comprised of trees, where each tree has a root node-variable selected under the criterion of having the highest correlation values with the rest of the variables. In our application, each root node is represented by a stock return series that is in a relationship of dependence with other stock return series of the dataset. Besides, in the c-vines a root node-variable (i.e., the stock return series with the strongest relationship of dependence with the rest of stock return series), which is located in the first tree, is chosen for the entire vine structure and exerts influence on the rest of the variables through high correlation values. The c-vine copulas have been acknowledged for best fitting the multivariate datasets that contain a variable that has exceptionally high correlations with the rest of the variables ).
The d-vines, which are also a subset of the r-vines, have line tree shapes. The nodes in each tree of the d-vine cannot be linked to more than two edges. The d-vines have been found to more adequately fit multivariate datasets where a group of variables has an important influence on the rest of the variables in terms of high correlation values (Min and Czado, 2010) .
The following models, along with those found in Brechmann and Schepsmeier (2011) , have been proposed to separate multivariate densities and infer the pair c-vine and pair d-vine copula structures:
A detailed explanation of the connection between Sklar's theorem and pair vine copula models can be found in Brechmann and Schepsmeier (2011). where $ , = 1, … , denote the marginal densities and +,+-.|(: +1( represent the bivariate copula densities with parameter (s) +,+-.| (:(+1() . Also identifies the trees and runs over the edges in each tree.
An r-vine on variables is one in which two edges in tree are joined by an edge in tree + 1 only if these edges share a common node. The shape of the r-vines unlike those of the c-vine and d-vines can vary significantly according to the statistical characteristics of the multivariate distribution being modeled. An exact and generalized analytical model has not been proposed for the decomposition of multivariate densities and the inference of r-vine structures, most likely because the set of possible r-vine structures is vast, diverse and complex to be captured by an equation. Despite this obstacle, Kurowicka and Cooke (2006) build the following analytical model to decompose multivariate densities and approximate the inference of the r-vine structures:
where ( , … , ? stands for a multivariate density, .(A),$(A)|B(A) represents a bivariate conditional density copula with ( ) and ( ) as the conditioned nodes, and ( ) as the conditioning set. The parameter = ( ), ( )| ( ) is an edge that belongs to the edge set Ԑ= ( , … , ?1( . The vector B(A) is a vector of variables conditioned by the components of the conditioning set ( ). Eq. (3) is uniquely determined since there is not a common-based tree structure shared among the r-vine statistical models (Kurowicka and Cooke, 2006) .
Data
We consider three 20-stock portfolios from the retail, manufacturing and gold-mining equity sectors of the Australian stock market. 6 All stocks from each sector are selected randomly. The retail and manufacturing sectors are the base of the study, while the gold-mining sector portfolio is included for benchmarking purposes, and is also due to the importance of this sector in the Australian economy. Besides, gold has the reputation of performing well in tumultuous stock market conditions, which is the focus of this study (Reboredo, 2013; Re-6 While the pair vine copula approach can handle portfolios of a larger size, we only consider 20-stock portfolios since the estimation of the dependence matrix becomes quite complex as the number of stocks increases. This is due to the consideration of almost all existing bivariate copula families in the modeling. The summary statistics for the constituents of these two portfolios can be made available upon request to the corresponding author.
boredo and Rivera-Castro, 2014). The manufacturing and retail stocks are selected for the analysis of dependence because their underlying market sectors are important in the Australian economy, each sector contributes roughly 5% and 6.5% of total GDP, respectively. Besides, the manufacturing sector has been in a declining trend and exhibiting increasing risk, The "copula data" used to estimate the dependence structure of the three sector portfolios is obtained by applying a probability integral transform to the standardized residuals of the logarithmic returns. Table 1 displays the names of the stocks in the three portfolios and their corresponding codes. 
The "copula counting technique"
The copula counting technique we propose dissects, organizes, analyzes and interprets the portfolios' dependence structure matrix. This technique consists of the following stages:
(i) counting, (ii) recording, (iii) classification, (iv) grouping and (v) aggregate dependence reading, where each stage builds on the previous one. The technique allows one to identify the most dependence risky portfolio and the stock market conditions under which that portfolio is the riskier than others. The analysis of the changes of the portfolios' dependence structure across the three financial period scenarios is also greatly simplified through the use of this technique. Besides, by implementing the technique the vine copula models that best account for the multivariate dependence structure and risk dynamics of portfolios are easily identified.
In the literature of pair vine copula modeling, there have been some studies that have unsystematically engaged into one or two of the stages considered by the copula counting technique (e.g. Allen et al., 2013; Czado et al., 2012; Dissmann et al., 2012; Heinen and Valdesogo, 2009 ). Thus, the technique could be seen as an extension of those earlier attempts to organize, process, and interpret the estimates of the vine copula models' dependence structure. For instance, Allen et al. (2013) do not count for the vine models' bivariate copula selection. Instead, they find that the Student-t bivariate copula is the most frequently selected in their analysis. As a result, the information contained in the dependence structure matrix of the portfolios they consider is not fully exploited. Czado et al. (2012) do not engage into counting the bivariate copulas selected by the vine models; however, they do identify by name the selected copula families. The study by Dissmann et al. (2012) , unlike those of Czado et al.
(2012) and Allen et al. (2013) , does engage into counting the selected bivariate copula families and records the results in tables. These authors, however, do not pursue further the classification, grouping and interpretation of the selected copulas.
The dependence risk analysis we conduct is more in-depth and is in line with the work of Heinen and Valdesogo (2009) which count, record and classify the bivariate copulas selected by the vine models. Nevertheless, those authors neither group nor aggregate the selected bivariate copulas to draw generalizations and inferences about the dependence risk features of sector portfolios. As a result, our dependence risk analysis has the comparative advantage of effectively exploiting the information contained in the portfolios' dependence structure matrices. A brief description of the techniques' stages is as follows:
i. Counting
The bivariate copulas selected by the vine models, and contained in the diagonal dependence structure matrices presented in the next section, are counted in order to know how often a certain copula is selected for the estimation of dependence between stocks. Knowing the frequency of the selection is essential because aggregation is used to draw generalizations and inferences about the dependence risk features of the portfolios. The aggregation of the bivariate copulas is crucial to the analysis because single bivariate copulas considered in isolation (i.e., using a single bivariate copula to model diverse pairs of variables' relationships)
do not provide sufficient information about the dependence risk features of a high dimensional dependence structure.
ii. Recording
The counted bivariate copulas are organized in tables so that the patterns of the dependence and the concentration of dependence are easily recognized. The recording of the frequency of the bivariate copula selection also facilitates the identification of the dependence concentration shifts across the financial period scenarios considered or the changes in the dependence structure across time.
iii. Classification
The counted and recorded bivariate copulas selected by the vine copula models are distinguished on the basis of the type of dependence modeling they perform. This process of differentiation needs not be recorded; however, it does require from the modeler to understand the dependence modeling characteristics of each of the bivariate copulas so that they are adequately classified. An adequate classification of the bivariate copulas lays in turn a reliable ground to accurately interpret the dependence structure.
iv. Grouping
The counted, recorded and classified selected bivariate copulas are now grouped in the tables according to the type of dependence modeling they perform and the location of the dependence they model (i.e., center, positive tail, negative tails).
v. Aggregate dependence reading
This stage deals with the identification of the patterns of dependence, the symmetric and asymmetric features of the dependence, and the size and location of the dependence in the joint distributions. The shifts of dependence concentration between the three period scenarios and the vine copula models that best account for the overall dependence of the portfolios are recognized.
Empirical application
The dependence structure of the retail, manufacturing and gold portfolios is estimated by applying the c-vine, d-vine and r-vine copula models and is interpreted by using the "copula counting technique". Table 2 lists the bivariate copula families employed by the vine copula models to measure the dependence relationships between the retail, manufacturing and gold stocks. Their corresponding conventional numbers are also listed to facilitate the estimation and interpretation of the portfolios' dependence structure, contained in the diagonal matrices presented in this section. 
Notes: The bivariate copula families listed and numbered can measure linear and nonlinear dependence relationships. The Frank and the Gaussian copulas (i.e. copulas number 5 and 1 in the table) are designed to model greater dependence in the center of the joint distributions. The Clayton and the Gumbel copulas (i.e. copulas number 3 and 4 in the table) can account for the asymmetric dependence in the tails. The Student-t copula (i.e. copula number 2 in the table) models the dependence in the tails symmetrically.
The top row classifies the bivariate copulas according to the number of parameters they use and their degree of rotation. The standard elliptical bivariate copulas employ only one parameter, while the standard Archimedean bivariate copulas employ two parameters. In fact, 90, 180 and 270 degrees can rotate both the standard elliptical and the standard Archimedean bivariate copulas in order to capture distributional characteristics that the standard copulas cannot.
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In order to test for the portfolios' dependence risk differences or the differences in size between the portfolios' overall, asymmetric and symmetric dependence concentrations, a twosample two-tailed t-test for the difference of means between concentrations of dependence at the 95% confidence level is conducted. 
where
In Eq. (5), the variables ( f and f f represent the sample variances, and ( and f account for the numbers of observations in the respective samples. The degrees of freedom are estimated as follows:
If the null hypothesis is rejected, then the concentration of dependence accounted by ( is identified as being significantly larger, significantly smaller or neither (somewhere in the middle). The null hypothesis is rejected if the T-test value is greater than the statistic. In other words, the null hypothesis is rejected if > i.ik,ff ' ± 2.074 at the 95% confidence level and 22 degrees of freedom.
The retail portfolio
Figure 1 displays the r-vine diagonal dependence structure and the Kendall tau matrices of the retail portfolio. All matrices consist of 192 components. The numbers in the diagonal dependence structure matrices of Panel (a) represent the bivariate copulas listed and numbered in Table 2 . 7 Since the dependence structure corresponding to each financial period scenario is recorded in tables as part of the recording stage, the counting stage of the technique is only implemented to the full sample period scenario of each portfolio. The output from the counting, recording and classification stages is summarized in the grouping stage. Also, only the Kendall tau and the dependence structure matrices of the retail and manufacturing portfolios for the one period scenario are shown.
According to Figure 1 and Table 3 Table 3 summarizes the counting, recording, classification and grouping stages of the copula counting technique. The Frank copula is selected the most by the vine copula models, implying that most of the dependence in the retail portfolio is concentrated in the center of the joint distributions for the pairs of stocks. As indicated, due to the predominance of the Frank copula under all financial period scenarios for the retail portfolio, most of the dependence is concentrated in the center of this portfolio's joint distribution, implying that the retail stocks have a high dependence risk in the non-crisis periods and low dependence risk in the financial crisis periods. This finding in turn implies that the returns of the retail portfolio are liable to change more frequently in the non-crisis periods but have a low probability of being extreme in those market conditions, due to the moderate movements in the fundamental macroeconomic variables during that period. Looking back into the 2008-2009 global financial crisis indicates that stock investments in the Australian retail sector were indeed exposed to lower market risk in comparison with similar investments in the United States' retail sector and the Australian manufacturing sector. The primary reason for the lower risk exposure of the Australian retail sector during the crisis period, as compared to the US retail sector, is that the Australian economy has a strong resource-based economic component, and unlike that of the United States' retail sector, has a tight economic relationship of dependence with the performance of the gold mining sector and other non-resources sectors of the Australian economy.
In the U.S., the retail sector is tied more to the volatile consumer confidence that is in turn influenced by the job market as a whole. Joe-Frank The numbers in the table represent the number of times a bivariate copula function is selected. The Student-t copula is positioned with copulas for both positive and negative tail dependence because it measures the dependence in both tails symmetrically. This symmetric aspect of the Student-t copula poses a challenge to the interpretation of the dependence structure because it is unclear in which tail of the distribution the dependence is concentrated.
In essence, the retail sector had gone through moderate economic shocks during the financial crisis, mainly because the Australian gold-mining sector and other resources and non-resources sectors had overall outmaneuvered the financial crisis' effects fairly well. Evidence of this is that the gold-mining sector had its best historical performance during the crisis period, with gold prices escalating sharply. Coal, uranium and gas prices did fall in the short term, as a consequence of the financial turmoil. However, the increased demand for commodities (stemming from their price declines) offsets the losses partially (Arreola et al., 2014). The relative stability the uranium prices enjoyed during the crisis period is identified to have to do with the underlying price drivers, which appear not to be directly linked to the traditional macroeconomic fundamentals. 8 The early intervention of the Australian government to stimulate the economy through fiscal and monetary policies had also, but to a lesser degree, impacted the consumption and investment in the retail sector.
The most significant shift of dependence concentration in the retail portfolio is observed to take place from the pre-GFC to the GFC periods. Specifically, the dependence structure is observed to move from the center of the joint distribution towards the end of the tails.
This shift of dependence concentration reflects the highly volatile conditions in the financial stock markets during the GFC and the high propensity of some discretionary retail stocks in the portfolio (those with greater concentration of asymmetric dependence in the negative tail)
to yield negatively skewed returns in those market conditions.
The copulas for modeling the positive tail dependence have their largest presence in the post-GFC period, indicating a recovery in the financial stock markets and a high probability of the retail stocks to realize positively skewed returns in those market conditions. However, the shift of dependence concentration shows that the retail sector recovered at a slow pace in the post-crisis period. Alternative research in the field also indicates that the retail sector recovered at a slow pace in the post-crisis period. Its recovery is linked to the revival of the iron ore prices, the increase in financial stock market confidence and the depreciation of the Australian dollar (Delloite, 2011; AGPC, 2011) . In order to identify the vine copula model that best accounts for the multivariate dependence structure of the retail portfolio, through the use of the copula counting technique, we look at the frequency of the selection of the Frank copula across the period scenarios. This is because most of the dependence in the portfolio is located in the center of the joint distributions, as indicated above. The vine model's frequency of the selection of the Frank copula under the full sample period scenario is given more weight since that period scenario accounts for the changes of the dependence structure between the pre-GFC, GFC and post-GFC period scenarios. In the full sample period, the pre-GFC and the GFC period scenarios, the r-vine model clearly selects the Frank copula the most, relative to the c-vine and d-vine. In the post-GFC the c-vine selects it more frequently. Hence, according to the copula counting technique, the r-vine is the model that most accurately approximates the multivariate dependence structure of the retail portfolio. In Subsection 5.5, we undertake a goodness of fit testing on the vine models fitted to validate or invalidate the copula counting technique findings.
The relative comparison of the dependence concentration of the portfolios modeled in our paper shows that the retail portfolio's dependence concentration in the center is at the 95% confidence level, significantly larger than that of the manufacturing. This concentration is also significantly smaller than that of the gold-mining portfolio (refer to Subsection 5.3
where we undertake the significance testing of dependence concentration comparisons). This information implies that the retail portfolio is less dependence risky than the manufacturing portfolio during times of financial turbulence. But it is more dependence risky than the gold portfolio in similar market conditions. These findings are confirmed by the empirical results on the manufacturing and gold portfolios presented in Subsections 5.2 and 5.3. The findings also appear to be consistent with the performance of the retail, manufacturing and goldmining sectors during the crisis period. The retail sector, in general, had a better performance than the manufacturing sector during the crisis period (KordaMentha, 2013; NAB, 2012; Green and Roos, 2012; CWT, 2012; Baur and McDermott, 2010; Baur and Lucey, 2010; DIISR, 2010) . A possible explanation for this behavior is that a greater percentage of the money yielded by the gold-mining sector's performance and in circulation was spent and invested for the acquisition of basic household and livelihood goods, rather than for durables that require larger investment and capital. Given the specific risk characteristics of the retail portfolio during the crisis periods, investments in its underlying sector could be used to hedge investment positions in alternative sectors that have high dependence risk during crisis periods, or be used as part of a risk management framework for downside risk. In relation to the sector portfolios modeled in our paper, investments in the retail sector could be used to hedge an investment position in the manufacturing sector during crisis periods and an investment position in the gold sector as the financial stock markets transit from crisis to non-crisis.
The manufacturing portfolio
Figure 2 displays the r-vine diagonal dependence structure and the Kendall tau matrices of the manufacturing portfolio. Table 4 reports the vine models' bivariate copula selections. The results show that most of the dependence for the manufacturing sector is also concentrated in the center, with the Frank copula being the most frequently selected by the vine copula models under each of the four financial period scenarios. While having most of the dependence concentrated in the center, the manufacturing portfolio has a smaller concentration of dependence than the retail. As a consequence, it is more dependence risky than the retail during the crisis periods. This dependence risk difference makes the return values of the manufacturing portfolio liable to change less frequently than those of the retail in non-crisis periods, and have a higher probability of being extreme in crisis periods. As a consequence, the manufacturing portfolio is riskier than the retail portfolio because greater losses can be incurred during the crisis periods.
Panel (a)
Panel (b) Fig. 2: The dependence structure and the Kendall tau matrices of the manufacturing portfolio. Panel (a) displays the full sample period's r-vine (on the left) and c-vine (on the right) dependence structure matrices of the manufacturing portfolio. Panel (b) displays the GFC period's r-vine (on the left) and c-vine (on the right) dependence structure matrices of the manufacturing portfolio. All matrices consist of 192 components. The numbers in the diagonal dependence structure matrices represent the bivariate copulas listed and numbered in Table 2. A look into the Australian economy from economic and financial perspectives suggests that the higher riskiness of the manufacturing portfolio stems from the pro-cyclicality of some products of the manufacturing sector and the interdependence and multiplier effects it has with the overall resources sector, which is an important driver of the Australian economy.
Specifically, the economic linkages the overall resources sector and the gold-mining sector have with the Australian manufacturing sector are different from those economic linkages those sectors have with the Australian retail sector. The economic linkages with the manufacturing sector are more volatile, have a higher degree of uncertainty and deal with higher levels of risk aversion since spending and investment in the manufacturing sector tends to require more capital (Pilat et al. 2006) . Hence, the Australian manufacturing sector overall has a higher exposure to risk than the Australian retail sector does. Tail   Clayton   11  9  12  24  15  14  20  14  14  10  9  11 Gumbel 180 Frank   56  68  60  45  42  48  65  66  69  61  59  57   Gaussian   30  15  23  22  24  23  25  23  21  25  27  32 Positive Tail Gumbel   8  6  6  5  5  3  9  11  10  8  6  2   Clayton 180 13   9  14  13  14  10  10  10  11  14  17  19   Clayton 90   2  6  7  4  12  11  0  8  3  7  6  5   Studen-t   17  24  21  18  23  28  11  15  12  13  15  19   Joe   1  3  1  7  3  3  7  3  3  7  5  5 Joe- Frank   8  12  7  4  1  3  1  2  7  2  3  2 Notes: The full sample period spans from January 2005 to July 2012; the pre-GFC stretches from Jan 2005 to July 2007; the GFC period covers from July 2007 to Dec 2009 and; the post-GFC period accounts for the volatility between Jan 2010 and July 2012. The numbers in the table represent the number of times a bivariate copula function is selected. The Student-t copula is positioned with copulas for both the positive and negative tail dependence because it measures dependence in both tails symmetrically. This symmetric aspect of the Student-t copula poses a challenge to the interpretation of the dependence structure because it is unclear in which tail of the distribution the dependence is concentrated.
Besides, due to the predominance of the Frank copula in the GFC period scenario, the returns of the manufacturing portfolio appear to be driven by complex relationships of dependence in the center. On the other hand, the reduced presence of the Frank copula and the increased presence of the Gaussian during the post-GFC indicate that the dependence relationships of the manufacturing stocks during the post-crisis period are more of the linear type.
The increased presence of the Gaussian copula may also be an indication of the reduced volatility in the post-crisis period, and of a less chaotic world of dependence relationships.
Unlike in the retail portfolio, the Student-t copula in the manufacturing portfolio has its smallest presence in the GFC and its largest presence in the pre-GFC, confirming that the manufacturing stocks are riskier than the retail stocks in crisis periods and have a high propensity of yielding negatively skewed returns in those market conditions. From the GFC to the post-GFC periods, the dependence structure is observed to shift only slightly, with minor increases in the number of stocks having positive tail dependence. This observation suggests that the Australian manufacturing sector lagged behind the effects of the financial crisis until the end of 2012, and as a consequence, recovered at a slower pace than the retail sector. The
Australian Department of Innovation, Industry, Science and Research confirms that the manufacturing sector recovered at a slower pace during the post-crisis period relative to the retail sector (KordaMentha, 2013; DIISR, 2010; NAB, 2012, Green and Roos, 2012; CWT, 2012) .
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The significance testing of dependence concentration displayed in Subsection 5.4 confirms that the manufacturing portfolio has a smaller concentration of dependence in the center of the joint distributions relative to the retail portfolio, making it more dependence risky during crisis periods. Also, while the manufacturing portfolio has a higher propensity to yield negatively skewed returns, the retail portfolio tends to yield positively skewed ones. With
The acronyms DIISR, NAB and CWT stand for: the Department of Innovation, Industry, Science and Research; the National Australian Bank; and the Common Wealth Treasury, respectively. respect to model selection, the d-vine overall is recognized to select the Frank copula most frequently to model dependence of the manufacturing stocks. Specifically, by means of the copula counting technique it is observed that under the full sample period scenario, the d-vine selects the Frank copula the most, relative to the c-vine and r-vine. Despite the r-vine selecting the Frank copula the most under the pre-GFC and the GFC period scenarios and the c-vine doing it in the post-GFC, the priority given to the full sample period scenario leads to the identification of the d-vine as the most adequate model.
Considering the specific risk characteristics of the Australian manufacturing stock portfolio, investments in the underlying sector are to be avoided during crisis periods and be taken with caution in normal market conditions. As part of a hedging strategy or a risk management framework, investments in the manufacturing sector could serve best against investment positions with higher risk in non-crisis periods or in normal market conditions.
The gold portfolio
According to Table 5 , most of the dependence in the gold-mining portfolio is concentrated in the center of the joint distributions, indicating that this equity sector has low dependence risk in times of financial turbulence and high dependence risk when the financial stock markets behave smoothly. This specific type of dependence risk feature is found to be coherent with the price behavior of gold during the 2008-2009 global financial crisis. Gold-mining stocks during the GFC and part of the post-GFC periods displayed an exceptionally strong negative correlation with the financial stock market confidence. They reached historical levels and were perceived by investors as a "relatively secure defensive investment and storage of wealth" (Collins, 2013) . The high concentration of dependence the gold-mining stock portfolio has in the center also implies that its return values are liable to change more frequently when the stock markets are tranquil and less frequently when the stock markets lack the investors' confidence. Gold-mining stocks could therefore be used to hedge an investment position in the manufacturing sector primarily but also in the retail sector during the crisis periods. Tail   Clayton  6  8  11  12  18  19  9  11  12  15  12  18   Gumbel180  16  16  15  22  14  14  14  15  12  9  12  11  Studen-t  20  23  21  14  14  17  16  19  21  19  17  19  Joe 180  1  8  8  15  15  10  3  7  6  0  0  8  Joe-Frank 180  26  28  19  0  0  8  8  8  11  0  0  6 Clayton 270  0  0  0  5  8  0  0  0  0  5  7  0   Centre  Frank  54  46  54  48  49  51  85  69  72  58  59  53  Gaussian  17  17  15  27  25  22  17  21  18  30  26  28 Positive Tail   Gumbel  15  14  11  13  4  10  0  0  3  9  11  9 Clayton 180 0 0 6 11 18 14 8 6 13 10 11 9
Clayton 90 The numbers in the table represent the number of times a bivariate copula function is selected. The Student-t copula is positioned with copulas for both positive and negative tail dependence because it measures the dependence in both tails symmetrically. This symmetric aspect of the Student-t copula poses a challenge to the interpretation of the dependence structure because it is unclear in which tail of the distribution the dependence is concentrated.
The noticeable decrease of the copulas for the modeling of asymmetric dependence in the negative tail from the pre-GFC to the GFC period scenarios confirms the immunity of gold to financial crisis periods' effects. As to model selection, the r-vine copula model overall is observed to most frequently select the Frank copula under most of the considered period scenarios. Thus, it is discerned to be the model that best captures the multivariate dependence structure and dependence risk dynamics of the gold-mining stock portfolio. The significance testing of dependence concentration confirms that the gold portfolio is less dependence risky than the retail and manufacturing during crisis periods. As a consequence, investments in its underlying sector are desirable during crisis periods, preferable to investments in the retail and manufacturing sectors in similar market conditions, while being used in hedging strategies and risk management frameworks to deal with downside risk.
Significance testing of dependence concentration comparison
The results of the dependence concentration comparison are based on the two-tailed ttest fitted to account for the difference in means between the portfolios' concentrations of Table 6 , the retail portfolio's overall dependence concentration (e.g., in the center) is significantly larger than that of the manufacturing portfolio at the 95% confidence level. In addition, the dependence concentration of gold portfolio in the center is at the same confidence level significantly larger than that of the retail portfolio. As a result, the gold portfolio has also a significantly larger concentration of dependence than the manufacturing portfolio in the center. Notes: The table displays the t-test values for the difference of means between the portfolios' concentration of dependence in the center, the negative tail and the positive tail. The null hypothesis of equality is rejected if > i.ik,ff ' ± 2.074, and marked by an asterisk (*). When four copulas are used to determine the statistical significance, we require that the t-values of at least two copulas are larger or smaller than the critical value. When only two copulas are used to determine the statistical significance, we require that the t-value of at least one copula is larger or smaller than the critical value.
Vine copula models' goodness-of-fit testing
In Subsections 5.1, 5.2 and 5.3 it was found through the use of the copula counting technique, that the r-vine and the d-vine respectively are the models that most accurately approximate the multivariate dependence structure of the retail, manufacturing and gold-mining portfolios. This section implements the ECP and ECP2 goodness-of-fit tests, which are based on the empirical copula processes to validate or invalidate those findings. The tests are nonparametric and are based on the Cramer-von Mises (CvM) and Kolmogorov-Smirnov (KS) test statistics, which use a 95% confidence level. Our motivation for the specific selection of these tests is that, relative to the Akaike and Bayesian Information Criteria, they are more reliable sources of information regarding the goodness-of-fit of the pair vine copula models fitted (Schepsmeier, 2013; Genest et al., 2009; Panchenko, 2005) . The objective is therefore to identify the pair vine copula model that most closely approximates the multivariate dependence structure of the gold, retail and manufacturing portfolios.
The following alternative hypothesis is tested:
V : There is a pair vine copula model that best captures the dependence structure of the portfolios.
The specified confidence level in the CvM and KS test statistics employed by the ECP and ECP2 is 95%. In practice, the ECP and ECP2 measure the distance between the fitted parametric marginal and joint distributions and the empirical marginal and joint distributions of the observations. Table 7 : Gold, retail and manufacturing portfolios' goodness-of-fit testing for the c-vine, d-vine and r-vine
Conclusion
This article applies the pair vine copula models to relatively large sector portfolios to address the complex issue of dependence risk modeling. We extend the related literature by providing an in-depth and comprehensive analysis of the portfolios' multivariate dependence structure and dependence risk dynamics by means of a "copula counting technique". In doing so, new insights and useful information are provided that could be used to develop dependence risk and investment risk-adjusted strategies for investment, rebalancing and hedging that more adequately account for downside risk in various market conditions.
By considering three 20-asset portfolios from the retail, manufacturing and goldmining equity sectors of the Australian stock market, in the context of the 2008-2009 global financial crisis and other period scenarios revolving around it, we find the retail portfolio is less dependence risky than the manufacturing portfolio in the crisis period. This is due to the economic linkages the retail sector has with the overall Australian resources sector and the more volatile economic linkages the overall resources sector has with the manufacturing sector (Pilat et al., 2006) . The benchmark gold-mining portfolio is found to be less dependence risky than the retail and significantly less dependence risky than the manufacturing in similar market conditions. The relative good performance of the gold-mining sector relative to the retail and manufacturing sectors during crisis periods makes the gold-mining stocks preferable. On the other hand, the performance of the retail and manufacturing sectors is dependent on the performance of the gold-mining sector in those turbulent times. The retail and goldmining stocks are observed to display a higher propensity to yield positively skewed returns in the crisis period, relative to the manufacturing stocks. The r-vine and d-vine are found to best capture the multivariate dependence structure of the retail and gold portfolios, and the manufacturing portfolio, respectively.
Considering the specific risk characteristics of the modeled portfolios, investments in the retail and gold-mining equity sectors could be used to hedge investment positions in alternative sectors (e.g. the manufacturing sector) that have higher dependence risk and negatively skewed return behavior during crisis periods. As part of a risk management framework or a hedging strategy, both sectors could in general be used to manage downside risk. Also, based on both portfolios dependence risk differences, investments in the retail sector could be used to hedge an investment position in the gold-mining sector as the financial stock markets transit from a crisis to a non-crisis period. In terms of investment and downside risk management during crisis periods, the gold sector is preferable to the retail sector and both sectors are pref-erable to the manufacturing sector. Portfolio and risk managers and those who follow the trends of the Australian retail, manufacturing and gold-mining sectors may find our empirical results useful for trading and hedging purposes in order to design dependence risk-adjusted resource management frameworks and for complying.
